In the present study an overlay method to assess groundwater vulnerability is proposed. This new method based on multicriteria decision analysis (MCDA) was developed and validated using an appropriate case study in Aragon area (NE Spain). The Vulnerability Index to Nitrates from Agricultural Sources (VINAS) incorporates a novel Logic Scoring of Preferences (LSP) approach, and it has been developed using public geographic information from the European Union. VINAS-LSP identifies areas with five categories of vulnerability, taking into account the hydrogeological and environmental characteristics of the territory as a whole. The resulting LSP map is a regional screening tool that can provide guidance on the potential risk of nitrate pollution, as well as highlight areas where specific research and farming planning policies are required.
Introduction
The increasing international concern about nutrient overload into the environment has resulted in the introduction of strict regulations for the protection of water resources. Within this context, groundwater contamination by nitrates (NO 3 -) from agricultural sources is one of the most widespread threats worldwide (Addiscott and Benjamin, 2004; Karr et al., 2001; Weyer et al., 2001 ). Due to this threat the EU drew up the Nitrate Directive 91/ 676/EC concerning the protection of waters against nitrate from agricultural sources. Since the EU Nitrate Directive was adopted, important differences have been observed in the methods and approaches used to identify Nitrate Vulnerable Zones (NVZs) (European Commission, 2013) . Although criteria for identifying the NVZs were established in the Nitrate Directive, the specific procedure for the delimitation of these vulnerable areas is still unclear. Furthermore, recent research has shown that an inadequate designation of NVZs can generate unsatisfactory results in the contamination reduction of affected water bodies (Arauzo and Martínez-Bastida, 2015; Arauzo and Valladolid, 2013; Worrall et al., 2009) .
In Spain, the regional administrations are responsible for identifying NVZs from agricultural practices. In general, analysis of water quality data from networks of monitoring stations has been used to designate vulnerable zones, and administrative boundaries and groundwater bodies have been used to delineate the shape of these areas. Furthermore, the emphasis on the evidence of environmental damage, rather than on a proactive planning, can hinder successful conservation of water resources. Therefore, it is necessary to develop a more rational, rigorous and systematic approach.
Until now, several methods for groundwater vulnerability and risk mapping have been proposed. They range from complex deterministic models of the physical, biological and chemical nitrate leaching processes occurring in vadose zone and saturated zone (De Paz and Ramos, 2004; Lasserre et al., 1999; Ledoux et al., 2007; Srinivasan and Arnold, 1994) , to methods that are based on overlay and index techniques to obtain a final vulnerability score. Index methods are based on combining rated maps of various physiographic factors (e.g., depth to water table, aquifer type, soil organic carbon content) of the region by assigning a subjective numerical score to each factor. Models of index methods include DRASTIC (Aller et al., 1987) ; GOD (Foster, 1987) ; AVI (Van Stempvoort et al., 1993) ; EPIK (Doerfliger et al., 1999) ; SINTACS 1 2 3 4 5 6 7 8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54 55 (Civita, 1994) ; ISIS (Civita and De Regibus, 1995) ; SI (Ribeiro, 2000) and IPNOA (Padovani and Trevisan, 2002) . The traditional GIS-based multicriteria decision analysis (GIS-MCDA) approaches, i.e. the Boolean overlay and the weighted linear combination (WLC) have two fundamental problems with their use and interpretation. The first is related to the standardization of factors, where the common approach is to rescale the original criteria into comparable units by simple linear transformation, although in some cases a non-linear standardization would be more appropriate. The second problem stems from the logics aggregation. WLC approach is based on a "permissive" procedure of aggregation that allows a full trade-off among factors, given that in actual situations this compensation would only take place to a certain extent, while the Boolean overlay approach uses a Boolean AND or a Boolean OR to obtain a strict outcome with no trade-off (Drobne and Lisec, 2009; Eastman, 1999) .
Real decision-making about "vulnerability," however, is shaped by a variety of conditions, including not only simultaneity and replaceability, but also mandatory, desired and sufficient requirements. The Logic Scoring of Preferences (LSP) method (Dujmovi c, 1996) , unlike traditional MCDA approaches, expresses flexible logic conditions observed in the nature of environmental factors (Dujmovi c and Scheer, 2010; Dujmovi c and Tr e, 2011; Dujmovi c et al., , 2008 . Consequently, it is realistic to expect that the inherent flexibility of the LSP approach can provide highly accurate and justifiable models for GIS applications (Dujmovi c and Scheer, 2010; Dujmovi c et al., 2009) .
The aim of this work is to develop a territory-wide approach to assess groundwater vulnerability with the use of GIS in order to combine spatial information on hydrogeological characteristics, the natural attenuation (denitrification capacity of soil) and the effect of topography and climate (infiltration potential). Since the ultimate objective of NVZs designation is to prevent nitrate contamination from agricultural sources, the agricultural nitrogen loads are included in the risk assessment. In order to consider the complex relation between these different environmental and hydrogeological factors, and to overcome the weaknesses of traditional MCDA approaches, LSP was selected as aggregation technique. To facilitate the understanding of the study, Vulnerability Index to Nitrates from Agricultural Sources (VINAS-LSP) was applied to a case study in Aragon (Northeast of Spain).
Study area and problem definition
The geographic region of Aragon, situated in NE of Spain, covers an area of 47.719 km 2 . Aragon can be divided into three distinct areas from north to south; the central Pyrenees in the north, the Ebro depression in the centre and, the Iberian system mountain in the south (Fig. 1) . The Ebro River system is one of the most significant river basins in the Iberian Peninsula. The region has a Continental Mediterranean climate, with warm summers and cold winters. The mean annual temperature varies between 6 C (in the colder regions of Pyrenees) and 15 C (in central zones). The precipitation levels vary along the territory. The mountainous regions present the higher mean precipitation levels (between 800 and 1200 mm yr À1 ), while the central zones present lower rainfall levels (between 300 and 400 mm yr À1 ) (DGA, 2007) .
According to the report from the Commission to the council and the European Parliament on the implementation of Council Directive 91/676/EEC, in Aragon, all groundwater bodies are affected or at risk of being so by nitrates from agricultural sources (European Commission, 2013 , suggesting that these control points could be subjected to nitrogen inputs from human activities (Hinsby et al., 2008; Panno et al., 2006) .
The designation of NVZs implies that in these areas, farmers are required to comply with the measures laid out by local/regional water quality protection and restoration programs. It is therefore reasonable, from a methodological point of view, to propose a new method for the designation of these NVZs based on hydrogeological and environmental factors, instead of on administrative boundaries (municipal, provincial, etc.) , which is the case of Spain.
Development of the spatial multicriteria model
The different GIS-MCDA approaches differ significantly in the details of how values are assigned and combined, but the common purpose of these diverse methods is to provide a specific criterion function for computing an overall degree of suitability (Dujmovi c et al., 2009) . In this study, the criterion function describes the relationship between inputs (environmental and hydrological factors) and a complex output related to vulnerability, where each cell value should indicate the continuous degree of membership [0, 1] that elementary criteria as a whole have within a fuzzy "vulnerability" class. This calls for a framework to integrate factual information on groundwater vulnerability with rational and structured preferences of decision-makers. Fig. 2 shows a high-level view of major steps followed in this study. First, the problem and the purpose of the study must be clearly defined. The next step is the selection of elementary criteria (factors) that will be used in the evaluation. In this point, the statistical independence between the set of selected factors is verified by Pearson's correlation coefficient technique. Afterwards, the standardization process is carried out by transforming the different measurement units of the raster datasets (e.g. soil organic carbon content, pH, terrain slope, mean rainfall, etc.) into a comparable range [0, 1] using fuzzy membership functions. In the next point, a preliminary LSP-system factor tree is established for decomposing the complex decision problem. Then, a pairwise comparison questionnaire was made for eliciting expert opinions. Consequently, Analytical Hierarchy Process (AHP) (Saaty, 1980) was selected to obtain the factor weights (relative importance). After that, the next step involves selecting an appropriate LSP aggregation structure to combine the elementary criteria (factors). At the end of the study, a Global Sensitivity Analysis (GSA) was carried out to quantify the output uncertainty due to the uncertainty in the elementary criteria. Finally, a statistical technique was used to test the validity of the spatial multicriteria model output.
Selection of elementary criteria (factors)
In a regional planning context, groundwater vulnerability depends on the degree of aquifer vulnerability to NO 3 -leaching (intrinsic vulnerability) as well as on a range of environmental factors involved both in the natural attenuation and water infiltration processes. The inclusion of factors used here is based mainly on an extensive literature review and the judgment of the authors and environmental consultants. In order to perform the study, eleven factors were selected and clearly classified into four main groups according to their participation in the main processes involved in the evaluation. A brief description of VINAS-LSP factors is shown in Table 1 and described below.
The first group comprises factors related to intrinsic vulnerability (hydrogeological factors, HF), i.e. aquifer type (HF AT ), permeability of vadose zone (HF PV ) and water table depth (HF WD ). 5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60  61  62  63  64 The second group includes factors affecting denitrification in soil (attenuation factors, AF), i.e. topsoil texture (AF TT ), organic carbon (AF OC ) and pH (AF pH ). The third group comprises two complementary subgroups (climate and relief) related to infiltration potential (infiltration factors, IF), i.e. rainfalls level (IF RL ), evapotranspiration (IF ET ), slope percent (IF SP ) and flow accumulation (IF FA ). The combination of these three groups of layers using a logical structure and an adequate aggregation procedure, allows assessing the vulnerability of an area to nitrate pollution. However, it is necessary to add a fourth group of factors (nitrogen factors, NF) for risk mapping purposes. This is because risk of pollution is determined not only by the above groups of factors, which are relatively static, but also on the existence of potentially polluting activities, which are dynamic factors that can, to a certain extent, be modified and controlled. In this case study, only N loads from agricultural non-point sources were considered (NF LC ).
Once the criteria factors of VINAS-LSP were selected, the second stage in this step was to construct a spatial database covering Arag on. In order to avoid the double counting of their effects, the statistical independence was successfully verified by Pearson's correlation coefficient technique through GIS tools.
All the geographic information used for developing the VINAS-LSP model has been obtained from Spanish Government websites or EU public data sources (Table 1) . For the application of VINAS-LSP across Spain, all the GIS information (raster datasets) can be obtained from local Spanish agencies and EU websites.
Fuzzy factor standardization
In order to prepare the criteria factors for spatial data overlay computation, all of them were converted with the same output grid cell size (200-m), and then they were defined as raster maps of standardized values, transforming the different measurement units of the raster maps into a continuous comparable range [0, 1] . Zero value was assigned to the lower degree of vulnerability class membership (least vulnerable), and 1 to the most vulnerable (full 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60  61  62  63  64  65  66   67  68  69  70  71  72  73  74  75  76  77  78  79  80  81  82  83  84  85  86  87  88  89  90  91  92  93  94  95  96  97  98  99  100  101  102  103  104  105  106  107  108  109  110  111  112  113  114  115  116  117  118  119  120  121  122  123  124  125  126  127  128  129  130 YJEMA5256_proof ■ 2 February 2016 ■ 3/11 membership in the fuzzy set). The standardization process was executed using the Spatial Analyst Module of ArcGis software. In this process, fuzzy membership functions (discrete and continuous functions) specified for each factor were used. The selection of fuzzy membership functions and the criterion's preferences to apply to each factor were based on the expertise of the authors. Meanwhile, the selection of parameters that define the shape of fuzzy membership functions (spread, midpoint and threshold of preferences), and characterize the association strength between a raster input value and a degree of membership in a set, was based on an extensive literature review. For instance, a value of 6.73% (soil organic carbon content) was selected for assigning the lowest degree of vulnerability according to the highest value found by Ryden and Whitchead (1988) . IFRL and IFET were standardized according to the average annual rainfall (548 mm/year) and potential evapotranspiration (1114 mm/year) of Aragon. In the case of NFLC, the threshold of 174 (Kg N/ha•year) is the average nitrogen loading rate of irrigated crops in Aragon. Further details about standardization of VINAS-LSP factors can be found in Rebolledo (2014) . The fuzzy transformation functions and the standardized criteria input maps of VINAS-LSP are shown in Fig. 3 and Fig. 4 , respectively. While the most factors were automatically rescaled by means of continuous fuzzy functions (small, large, near, linear), in some ordinal data such as permeability of vadose zone (HFPV) and aquifer type (HFAT), where the base maps were already classified, specific scores were assigned to each category based on expertise and knowledge, according to their relative vulnerability to nitrate pollution.
Model development e LSP aggregation procedure
The first task of this stage involved the construction of an attribute tree that organizes the decision problem and contains all the factors considered in the study. The attribute tree was divided 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60  61  62  63  64  65  66 into three levels e A, B and C, denoting Factors layer, Systems layer and Objective layer, respectively. Subsequently, a questionnaire was designed based on pairwise comparison according to AHP method to collect the opinion of environmental experts. The questionnaire was subjected to expert opinions to ensure that the questions were well understood and consistent with the aim of the research. A total of 10 environmental experts were involved in the eliciting of scores for selected factors. The group consisted of hydrogeologists, geographers, chemists, experts in soil science and environmental scientists.
Another key aspect in this stage was to obtain a single group priority vector W G as a joint estimate of judgments of experts. In this study, the experts group who answered the questionnaire belongs to different institutions and scientific fields, where their decisions are personal and independent. Therefore, aggregating their individual (final) priorities (AIP) was selected as aggregation method. In regard to the exploitation phase of AIP, i.e. the process of deriving a priority vector w ¼ ðw 1 ; …; w n Þ T , where w i ! 0 and P n i¼1 w i ¼ 1, the Row Geometric Mean Method (RGMM) was selected as aggregation procedure, because its use guarantees that the group inconsistency is at least as good as the worst individual inconsistency (Escobar et al., 2004) .
Since the obtained priorities make sense only if derived from consistent or near consistent AHP matrices, a consistency check was applied. In the analysis of individual and group consistency, Geometric Consistency Index (GCI) was correctly verified according to the thresholds provided by Aguaron and Moreno-Jim enez (2003) , where GCI ¼ 0.3147 (for n ¼ 3), GCI ¼ 0.3526 (for n ¼ 4) and GCI ¼ 0.370 (for n > 4). The attributes tree, the group priorities (weights) of each factor as well as system layers are shown in Table 2 .
The results from this study should be interpreted with caution, since the main focus of this study is on presenting the implementation of VINAS-LSP within MCA framework rather than discussing about the relative importance of each factor, and therefore more detailed studies can be performed for obtaining priority weights.
The last and most important step in the model development stage was the organization of the preference aggregation structure. The aim of this step is to create the VINAS-LSP system, where factors are aggregated and combined in a stepwise, non-linear way. LSP allows to model a continuous variety of logical conditions and simple LSP aggregators can be used to construct more complex, compound operators like Conjunctive Partial Absorption (CPA) to express some asymmetric logic relationship between factors (Dujmovi c and Scheer, 2010). This was considered a key issue for aggregation method selection, because through CPA is possible to aggregate mandatory and desired factors. For instance, in VINAS-LSP system, the pH factor is considered as "desired" but not mandatory within the denitrification potential context.
The final aggregation structure of VINAS-LSP is shown in Fig. 5 , where a series of LSP aggregators were implemented using the Weighted Power Mean (WPM) to combine each factor into a final score of suitability (S), as can be seen in the Eq. ; 0 < w i < 1; 0
where x i represents an input factor, w i denotes the factor weight reflecting the relative importance of the selected input, and r is the parameter that determines the logical behavior of the function and it expresses the strength of association between mandatory and optional factors. Fig. 5 shows the sequential computation of the potential risk to nitrate pollution for each pixel of the study area, used in the VINAS-LSP system. Four simple LSP aggregators were selected (C À , CA, A and DA), where their parameter r values are as follows: 0.261 (C À or soft partial conjunction), À0.72 (CA or hard partial conjunction), 1 (A or neutrality) and 3.929 (DA or partial disjunction), following Dujmovi c and Nagashima (2006) . The values of input arrows denote the factors weights, whose values were recalculated from the original weights (Table 2) while proportionality was kept constant. In the CPA aggregators, if a mandatory input factor is partially (or completely) satisfied and the desired input is not satisfied, then the aggregation score will be reduced by a certain percentage (Penalty, P). On the other hand, if a mandatory input factor is partially satisfied and a desired factor is completely 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60  61  62  63  64  65  66   67  68  69  70  71  72  73  74  75  76  77  78  79  80  81  82  83  84  85  86  87  88  89  90  91  92  93  94  95  96  97  98  99  100  101  102  103  104  105  106  107  108  109  110  111  112  113  114  115  116  117  118  119  120  121  122  123  124  125  126  127  128  129  130 YJEMA5256_proof ■ 2 February 2016 ■ 6/11
Please cite this article in press as: Rebolledo, B., et al., Assessment of groundwater vulnerability to nitrates from agricultural sources using a GIScompatible logic multicriteria model, Journal of Environmental Management (2016) consultants. The weights of CPA aggregators in VINAS-LSP were obtained from specialized penalty/reward tables (Dujmovic, 1979) by selecting sound P/R values, described below. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60  61  62  63  64 The factors related to hydrogeological setting (block 1) were combined by a CPA aggregator, which is used for simultaneously modeling the asymmetrical relation among two factors considered as mandatory (HF AT and HF PV ) and an optional factor (but not mandatory) HF DG . The CPA aggregator was built from a neutral aggregator (A) and a hard partial conjunction aggregator (CA). In this case, the full satisfaction of the optional factor (HF DG ) increases the non-zero score of the mandatory factors with a reward of 15%, and a null HF DG score assigns a penalty (25%) to the mandatory factors.
In the second block (Denitrification potential), a partial disjunction aggregator (DA) was used first to represent the replaceability between AF TT and AF OC . In this sense, a good condition for the attenuation process (denitrification) is characterized by an appropriate topsoil texture or by high organic carbon content. Subsequently, a CPA aggregator was used to establish the asymmetrical relation between the previous factors (mandatories) and the pH optional factor (not mandatory). In this case, the penalty and reward were set in 15% and 5%, respectively.
The third block related to infiltration potential is comprised of two subgroups: Climate (IF RL and IF ET ) and Relief (IF SP and IF FA ). These four factors were combined first by two complementary CPA 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60  61  62  63  64  65  66 aggregators to obtain a single score within their respective domains (climate and relief), and then a CPA aggregator was built from a neutral LSP aggregator (A) and a hard partial conjunction aggregator (CA). In the infiltration potential context, the full satisfaction of the optional subgroup (relief) increases the non-zero score of mandatory subgroup (climate) with a reward of 10%; otherwise a penalty of 25% is assigned. The last block (nitrogen factors) represents the relation of neutrality (A) among different potential sources of nitrogen. In this case study, only N loads from agricultural non-point sources were considered (NFLC).
Finally, the blocks outputs were combined by a Continuous Preference Logic (CPL) aggregator, which was used for modeling the relation among two LSP systems considered as mandatories (hydrogeological setting and nitrogen sources) and two optional LSP systems (denitrification and infiltration potential).
Once the selected GIS operations (Map algebra) were successfully executed by means of the raster calculator of ArcGis software, the resulting VINAS-LSP map represents the potential risk to nitrate pollution from agricultural N loads (Fig. 6) . The output map and its analysis are presented in the next section.
Results and validation
GIS-based MCDM, as well as mathematical models, are used to give a simplified abstraction of reality and, therefore, their results must be contrasted to verify its usefulness. For this reason, in this study, Global Sensitivity Analysis (GSA) was first carried out, since this made possible the simultaneous analysis of all interactions between input factors and model output results . Finally, the usefulness of the VINAS-LSP model was tested, regarding whether it adequately represents the system under study; this was carried out by means of a statistical technique to test the validity of the final LSP map, by contrasting the model output with nitrate levels of the study area.
Sensitivity analysis (SA)
The aim of a Sensitivity Analysis is to explore the degree of influence of input factors on the model output. While traditional oneparameter-at-a-time sensitivity analysis (OAT-SA) is based on small changes or perturbations in the initial range of the factors to assess the influence of each input factor in the variance of the model results, GSA methods (Fast, E-Fast, Sobol') consider the full ranges of uncertainty of the inputs, and allow the quantification of interactions between different input factors (Lilburne and Tarantola, 2009) .
In this section, rather than attempting to validate the model itself, the focus instead is on evaluating the simultaneous importance of factors by GSA. This approach would improve the knowledge of VINAS-LSP, either to simplify the model or to focus on those most important factors.
The GSA of VINAS-LSP was based on performing multiple model evaluations with randomly selected model input factors. First, the probability density functions (PDF) of each input factor were identified. Further details about PDFs of VINAS-LSP factors can be consulted in Rebolledo (2014) . Then, VINAS-LSP was run applying a Monte Carlo simulation (5000 iterations) by means of Simlab 2.2 software (JRC, 2006) . The choice of the GSA method was based on the assumed relationship between the input factors and model outcome. The Extended Fourier Amplitude Sensitivity Testing (E-FAST) method was applied because it allows estimating a total 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60  61  62  63  64 sensitivity index (S Ti ), where S Ti is defined as the sum of all indices (S i and higher orders), thus providing a useful tool to determine factor interactions (Crosetto et al., 2000) . The sensitivity indices are reported in Table 3 . The most important factors are related to nitrogen load, NF LC (S i ¼ 58.9%) and hydrogeological setting, HF AT (S i ¼ 14.9%) and HF PV (S i ¼ 8.4%), and thus most of the output variability (82.2%) is explained by these 3 factors. In addition, these results highlight the lowest influence played by the other 8 factors, which accounted for 17.8% of output variability as a whole. Therefore, factors like slope percent (IF SP ) or flow accumulation (IF FA ) could be removed from the model due to their relatively low importance in the case that the base information is not available.
In a second analysis, i.e. considering the interactions among factors, it is noticeable the reduction of S Ti values of the most individually important factors (S i ). Consequently, the more insignificant factors (IF SP , IF FA ) increase their importance by considering the interactions of VINAS-LSP. Another interesting result is the increases of the importance of IF SP , increasing its rank value, from eleventh to seventh place. In light of these results and since the 8 least important factors are responsible for a significant fraction of output variability (31.3%) their inclusion in VINAS-LSP is fully justified.
Validation
To determine the usefulness of VINAS-LSP as a method for groundwater vulnerability and risk mapping a statistical technique was applied. This approach was successfully used by Chowdhury et al. (2003) and Masetti et al. (2007) in research related to groundwater quality.
The strategy was based on two well populations (impacted and non-impacted wells), extracted from the Aragon groundwater quality network, including more than 380 stations (year 2010). Wells with a nitrate concentration !15 mg NO 3 -L À1 were set as "nitrate-impacted wells," and wells with a nitrate concentration <15 mg NO 3 -L À1 were set as "non-impacted wells". Simultaneously, from VINAS-LSP output map, five equal interval classes of risk were considered (from very high risk to very low risk). Subsequently, using GIS to extract the risk class from the base map with respect to each well location, a proper association between both well populations and risk classes of VINAS-LSP output map was determined. Histograms were obtained considering the frequency of occurrence of non-impacted and impacted wells within each risk class, given by
where XI i is the number of impacted wells in the risk class "i" and XNI i is the number of non-impacted wells in the same risk class i. Thus, the F i parameter allows evaluating the usefulness of the VINAS-LSP model for risk mapping purposes, since it is reasonable to expect that as i value increases (1 ¼ very low risk and 5 ¼ very high risk) the F i value also increases. The distribution of the calculated risk classes within the given study area, according to the 5 different levels of potential risk, is shown in Table 4 . Based on the VINAS-LSP score obtained, around 58% of the Aragonese territory falls into the very low and low classes, 24% into high and very high classes, and the remaining 18% in the medium class.
The final output map obtained by VINAS-LSP model, in reference to the study area, is shown in Fig. 6 . The raster has a spatial resolution of 200 Â 200 m. Additionally, the results of the validation process are also shown. The choice of cell size is based on the best resolution of raster datasets of Aragon and the size of the study area (regional scale).
Results of the validation procedure show that increasing the risk class also increases the F i values. In territories qualified as high (class 4) and very high (5) risk, 72% and 77% of sampled wells are impacted, respectively. VINAS-LSP has therefore proved to be a valuable tool for risk mapping purposes. The validity period of this cartography depends greatly on the changes of agricultural land uses. Therefore, if there is any evidence of significant changes related to nitrogen loads, the results from this study should be interpreted with caution.
Conclusions
The presented VINAS-LSP model provides a useful tool to tackle the problem of lack of a methodology for the study of NVZs in Spain, also providing a comprehensive method for the construction of potential risk map to nitrate pollution, based on hydrogeological and environmental factors, instead of on administrative boundaries or other nonscientific criteria. Since the saltwater intrusion occurs naturally to some degree in most coastal aquifers and it affects the groundwater quality, the VINAS LSP model should not be applied directly to Spanish coastal areas, without due regard to relevant considerations.
The general structure of the model may be applied to other European regions where the base information is available, taking into account the local legislation and recalculating the weights of the factors according to their priorities. Additionally, a different approach may be adopted when considering the agricultural N loads (i.e. binary variable, 1 ¼ agricultural land and 0 ¼ non agricultural land) for the purposes of designation of NVZs.
The overall utility of risk or vulnerability maps is dependent on the scale at which factor base maps has been compiled. VINAS-LSP has been designed at regional scale; therefore attempts to extract site-specific information will be a major misuse of this tool.
The GSA applied in this work has allowed exploring the importance of factors and justifying their inclusion in the model structure. Additionally, the validation technique showed that the model adequately addressed the main aim of developing a territory-wide approach to groundwater vulnerability assessment. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60  61  62  63  64 This research has proved that it is possible to develop a robust model to identify territories with different degrees of risk to nitrate pollution. VINAS-LSP model was successfully tested at regional level. The resulting LSP map is a regional screening tool that can provide guidance on the potential risk of nitrate pollution, as well as highlight areas that require specific research and/or a decrease in the nitrogen load . 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60  61  62  63  64 
